Rate of penetration (ROP) means how fast the drilling bit is drilling through the formations. It is known that in the petroleum industry, most of the well cost is taken by the drilling operations. Therefore, it is very crucial to drill carefully and improve drilling processes. Nevertheless, it is challenging to predict the influence of every single parameter because most of the drilling parameters depend on each other and altering an individual parameter will have an impact on the rest. Due to the complexity of the drilling operations, up to the present time, there is no reliable model that can adequately estimate the ROP. Artificial intelligence (AI) might be capable of building a predictive model from a number of input parameters that correlate to the output parameter. A real field dataset, of shale formation, that contains records of both drilling parameters such as, rotation per minute (RPM), weight on bit (WOB), drilling torque (τ), standpipe pressure (SPP) and flow pump (Q) and mud properties such as, mud weight (MW), funnel and plastic viscosities (FV) (PV), solid (%) and yield point (YP) were used to predict ROP using artificial neural network (ANN). A comparison between the developed ANN-ROP model and the number of selected published ROP models were performed. A novel empirical equation of ROP using the above-mentioned parameters was derived based on ANN technique which is able to estimate ROP with excellent precision (correlation coefficient (R) of 0.996 and average absolute percentage error (AAPE) of 5.776%). The novel ANN-based correlation outperformed three published empirical models and it can be used to predict the ROP without the need for artificial intelligence software.
Introduction
Drilling operations are the backbone of the oil and gas industry. They can be very expensive and therefore, they require several economical and safety concerns. Improving oilfield operations requires active monitoring drilling performance to insure minimize drilling costs. Much effort has been excelled to avoid drilling difficulties and enhance the drilling process. Typically, drilling cost is directly related to drilling speed. Therefore, achieving an adequate rate of penetration (ROP) ensures optimal drilling process and accordingly a reduced drilling cost. Thus, various parameters that affect ROP should be optimally controlled.
Rate of penetration (ROP) means how fast the drilling bit is drilling through the formations. It captures the speed or the movement of the drilling bit when it breaks the rocks, and it is identified in field units as ft/h [1] . Notoriously, in the oil and gas industry, most of the well cost is taken by the drilling operations. Therefore, it is very crucial to drill carefully and improve drilling processes. Nevertheless, it is challenging to predict the influence of every single parameter because most of the drilling parameters depend on each other and altering an individual parameter will have an impact on the rest. Moreover, ROP assists the drilling engineer to define the best drilling parameters to accomplish the lowest cost per foot [2] . Whereas, many challenges can occur during drilling operations under high ROP such as stuck pipe and poor hole cleaning. Therefore, it is important to select the optimal drilling parameters for ROP that cause no drilling problems [3] .
Many parameters affect ROP such as formation properties, drilling fluid properties, hydraulic and mechanical parameters, and rig efficiency [4] . Hossain and Al-Majed [5] categorized these parameters into two groups: environmental and controllable parameters. Environmental factors are those, which are created by nature or drilling conditions that are difficult to change, for example, mud properties are usually difficult to change because of some drilling objectives, which attained only by requiring a specific volume of the mud such as overbalance drilling to prevent the flow of formation fluid. On the contrast, controllable factors are those, which can be altered such as rotary speed, weight on bit and hydraulic parameters.
Many methods propose relationships between different parameters and ROP. Maurer [6] proposed a theoretical model for roller cone bits based on rotary speed, weight on bit, rock strength, and bit size. He developed his equation based on observation such as the volume of cuttings that created as shown in Equation (1) .
where k is drillability constant, N is rotary speed (RPM), W is weight on bit (Klb f ), d b is the diameter of the bit (in), and S is rock compressive strength (kPa) Bingham [7] modified the Maurer model into a simple equation that also neglects the drilling depth as shown in Equation (2) . He introduced weight exponent (a5) based on laboratory experiments.
Bourgoyne and Young's [8] introduced one of the most significant models of predicted ROP using multiple regression analysis of drilling parameters using Equation (3).
f 2 = e a 2 (10000−TVD) f 3 = e a 3 TVD 0.69 (EMW pore −67.41) f 4 = e a 4 TVD(EMW pore −ECD)
where TVD is the true vertical depth (ft), EMW pore is pore equivalent mud weight (pcf), ECD is the equivalent circulation density (pcf, bound per cubic feet), F j is impact factor (lb), N is rotation per minute (RPM), W is the bit weight (K lbf ), d b is the diameter of the bit (in), f 1 is the formation strength effects, f 2 and f 3 are the compaction effects, f 4 is the overbalance effects, f 5 and f 6 are the rotary speed and bit weight effects, f 7 is the tooth wear effects, and f 8 is the bit hydraulic effects. The constants a 1 to a 8 be found for each formation based on local legacy drilling data.
Warren [9] proposed a special cleaning ROP model for bit in the soft formation where the removal of cutting has no obstruction on ROP. The model is based on the relationship between rock and bit on one hand and the effects of bit wear, chips hold down, cutting removal and cutting generation on the other. Warren's model calculates ROP using Equation (4) .
where a, b and c are constants of the bit.
Hareland [10] modified Warren model by adding a dimensional analysis containing drilling fluid properties and modified impact force and bit wear as shown in Equation (5) .
where W c is wear coefficient, A abr is relative abrasiveness, f c (P e ) chip hold down function (lb f ), µ is mud viscosity (cP), γ is fluid specific gravity, F jm is modified impact force (lb f ), and a, b, c, d are constants. The aim of this study is to introduce a reliable artificial neural network (ANN) predictive model for ROP using drilling data and drilling-mud properties. The outcome attained from the ANN was compared with ROP models to illustrate the model accuracy based on the highest R and the minimum average absolute percentage error (AAPE).
Artificial Intelligence (AI)
AI is made to allow computers to accomplish tasks that were difficult to be achieved, such as visual perception, decision-making, speech recognition, language translation, and image processing. The purpose of artificial intelligence is to develop a model or algorithm which needs machines to achieve tasks that obviously require knowledge, understanding, and experience when performed by humans.
Artificial Neural Networks (ANN)
Normally, ANN contains an input layer, number of hidden layers (middle layers), and an output layer. The input layer receives information, hidden layers develop a relationship between the parameters, and then the output layer forms the results [11] . Optimization is required to select the appropriate numbers of layers and neurons because choosing many neurons results in over-fitting and choosing a few neurons results in under-fitting [12] . Increasing the model size by increasing the numbers of hidden layers and neurons results in increasing the computational time and leads to memorization, which is decreasing the error during model training whereas the error remains high during testing the unseen data [13] . Too much training also causes overfitting. To reduce the overfitting issues, it is suggested to perform the criteria of early stopping while some of the data is devoted to validation reasons.
Modeling the network commences with the training process starting by feeding the data into the input layer, then to the hidden layer and finally the output layer where the actual data is compared with the predicted data [14] . The difference between the estimated and actual data is feedback to the model to modify the weights and biases. This procedure is called the epoch. In this method, all the training dataset is trained continuously until the average error decreases to certain known limit [15] . Figure 1 presents the ANN architecture used in this study. Model development will be discussed in the following sections. 
Application of AI in ROP Prediction
Many mathematical models have been introduced to predict the rate of penetration from different parameters. Nevertheless, no single relationship satisfactory predicts ROP. Mostly because of the complex effect of the parameters describing the ROP and additionally due to incomplete understanding of the relationships between the ROP and some of these parameters. Therefore, many researchers tried to use AI to attain a reliable ROP predictive model.
Bilgesu [16] used the ANN tool to model ROP and the bit wear for various types of formation and operating parameters. He used 500 dataset records of nine input parameters including RPM, WOB, torque, Q, rotating time, tooth wear, bearing wear, formation abrasiveness and formation drillability. He trained his model using 90% of the data and the remaining 10% for testing. He achieved a correlation coefficient (R) that ranged from (0.902) to (0.982).
Moran [17] used ANN to study legacy-drilling data and improved the prediction of ROP. He used six input parameters including RPM, WOB, MW, rock strength, abrasion and type of the rock. He achieved a coefficient of determination of R 2 = 0.8 between ANN-predicted ROP and legacy-data ROP.
Jahanbakhshi [18] used ANN to predict ROP based on offset well data. He used large number of input parameters, 21, which include rotary speed, weight on bit, pump pressure, equivalent circulating density, mud type, yield point, plastic viscosity, mud pH, solid percent, 10 minute gel strength, 10 s gel strength, bit wear, bit type, bit hydraulic power, density of rock, porosity, permeability, formation drillability, differential pressure, hole depth and hole size. He arranged 70% of the data for model training, 15% for model validation and 15% for model testing. He achieved a correlation coefficient of R 2 = 0.916 and mean square error of MSE = 0.015 for the testing data.
Arabjamaloei [19] used ANN to build a predictive model for ROP. He used 330 data records of ten input parameters including rotary speed, weight on bit, flow rate, mud density, viscosity, depth, bit size, bit hours, bit efficiency and annulus pressure. He achieved a coefficient of determination of R 2 = 0.9402 in model training and R 2 = 0.7401 in model testing.
Bataee [20] also used ANN to predict ROP and improve drilling parameters. He used a larger dataset, 1810 data records, of five input parameters including RPM, WOB, MW, depth, and bit diameter. He organized data as 60% for model training, 20% for model validation and 20% for model testing.
Amar [21] used ANN independently to predict ROP and he compared his models with traditional regression. He used seven input parameters including rotary speed, weight on bit, equivalent circulation density, tooth wear, depth, pore gradient and Reynolds number. He achieved an absolute percent relative error (APRE) of 9.6% for ANN.
Xian [22] compared the results of predicting ROP using ANN and extreme learning machine (ELM). He used a huge dataset of 5000 data records comprising eleven input parameters including rotary speed, weight on bit, pump pressure, mud density, mud viscosity, formation abrasiveness, formation drillability, unconfined compressive strength, bit wear, bit type, and bit size. He arranged 75% of the dataset for model training and 25% for model testing. His ANN model achieved a coefficient of determination of R 2 = 0.91 in model training and R 2 = 0.90 in model testing and a root mean square error of RMSE 1.51 and 3.56 in model training and testing respectively. By using ELM, he achieved a coefficient of determination of R 2 = 0.93 for training and (R 2 = 0.92) for testing and a root mean square error of (RMSE = 0.95) for training and (RMSE = 3.11) for testing.
Jiang [23] employed ANN, based on ant colony optimization (ACO), to optimize ROP. He used five input parameters including RPM, WOB, Q, depth, and gamma-ray. He achieved an accuracy of (R = 0.999).
Manshad [24] developed a multi-layer ANN to predict ROP. He used a genetic algorithm to optimize the input parameter. He used a dataset of 332 records with ten parameters including rotary speed, weight on bit, flow rate, plastic viscosity, flow area, pump pressure, depth, bit size, drilling interval, and unconfined compressive strength. He trained his mode using 70% of the data and the remaining 30% was divided into 15% validation and 15% testing. His model achieved a correlation coefficient of (R = 0.957) for training and (R = 0.962) for testing.
Elkatatny [4] developed an ANN model to estimate the ROP using a number of mud properties and the mechanical drilling surface parameters. He used a dataset of 3333 records of seven parameters including RPM, WOB, Q, SPP, torque, drilling fluid density and plastic viscosity. He trained his model using 70% of the data and the remaining 30% for testing. His model achieved an accuracy of (R = 0.997) for training and (R = 0.993) for testing and AAPE = 3.98 for training and AAPE = 5.6 for testing.
Ahmed [25] used three techniques of AI to predict ROP using the parameters of hydro-mechanical specific energy. The AI methods are support vector regression (SVR), extreme learning machine (ELM) and artificial neural network (ANN). A dataset of 8869 points from two wells was used in the prediction. The input parameters were depth, flow rate, weight on bit, rotation per minute, torque, standpipe pressure, mud weight, and bit size. The data was divided into 70% training, 15% validation and 15% testing. In well A, they got an RMSE of 14.4 for training and 23.4 for testing using SVR, 27.3 for training and 27.6 for testing using ANN and 23.2 for training and 27.1 for testing using ELM. The correlation coefficients in well A were 0.94 for training and 0.81 for testing using SVR, 0.74 for training and 0.72 for testing using ANN and 0.82 for training and 0.71 for testing using ELM. The results in well B were closed to that in well A.
Bodaghi [26] applied ANN and support vector regression (SVR) with different algorithms to estimate ROP. 193 datasets were collected from 13 wells including pump rate, tooth wear, mud weight (MW), weight on bit (WOB), pump pressure, well deviation, mud viscosity, lithology, bit size, rotary speed, bit tooth wear, and interval drilled. The data was divided into testing (154 points) and testing (39 points). They achieved high accuracy in terms of correlation coefficient (R) and absolute average relative error (AARE). ANN has average R of 0.95 and AARE of 0.22. SVR with the best algorithm (cuckoo search algorithm (CS)) gave a results of R = 0.96 and AARE = 0.078.
Most of the previous used AI techniques did not select the most important parameters that affect the rate of penetration. Some of them used unrelated parameters that do not have any relation to the ROP. Moreover, most of them did not compare their results with famous ROP models and all of them is a black box that does not provide the model equation to predict the ROP. Also, all of them did not predict the ROP in shale formation.
The main objective of this paper is to develop a new ROP model using the ANN technique based on the drilling parameters and the mud properties for shale formation. In addition, a new empirical equation for ROP based on the optimized ANN model will be developed and compared with the published ROP models.
Methodology

Data Description
The ANN model was trained and tested on a data set of one well from an onshore oilfield. The data set has 347 data points of the deep shale formation. Records contain mechanical drilling surface parameters: weight on bit (WOB), weight on hook (WHO), standpipe pressure (SPP), string rotary speed (RPM), flow pump (FLW pumps), torque (τ), and penetration rate (ROP).
Other parameters include a temperature in (TMP IN Weight on bit is the applied load on the bit. When WOB increases, ROP should also increase. Rotary speed (RPM) is the drill pipe rotation speed rotation per minute, which is required to rotate the bit. When RPM increases, ROP should also increase. Torque is generated when the load is applied, and the drill pipe is rotated. When torque increases, ROP increases. The flow pump is the flow rate required to circulate the drilling mud inside the wellbore. Standpipe pressure is the pressure resulted from pumping the drilling fluid from the surface and back to the surface through the drill string and the annulus. Mud density is the specific gravity of the mud. Funnel viscosity is the measurement based on the number of seconds that it takes for 1 L of fluid to flow through a Marsh funnel. Plastic viscosity is a measurement of shear stress that indicates the flow resistance of certain types of fluids. The yield point is s the resistance to the initial flow of a fluid or stress required to start fluid moving. Gel strength is the ability of a fluid to suspend solids. Fluid loss is the rate of loss of mud to the formations when it was circulated through the wellbore. all of the mud properties have a strong relationship with the ROP.
Statistical Analyses
The influence of the mechanical drilling surface parameters and other parameters on ROP was studied by performing the basic statistical analysis, including the correlation coefficient, on the entire variables as shown in Table 1 . High uncertainty is common in real field data, in particular data of drilling parameters. Outliers are a major source of errors in prediction models. The data was filtered from outliers. The data ranges presented in Table 1 are within the acceptable known ranges for the studied parameters. 
Model Development and Selection of Input Parameters
Several ANN model runs were executed to study the impact of the parameters on the ROP. In every trial, the influence of a solitary parameter on the ROP estimation was detected while the alternate parameters were kept consistent. In Table 2 , five of these runs are presented as an example. The results of the trials and the low correlation coefficient between ROP and several parameters (including weight on hook (WHO), Temperature out (TMP OUT ), density of mud in (MW OUT ), conductivity in (CON IN ), and conductivity out (CON OUT )) suggested that these parameters have less effect on the ROP and therefore should be excluded from the input parameter list. The correlation coefficient and the average absolute percentage error were used to assess the accuracy of each ANN run. Appendix A describes these parameters. Different trials have been done to choose the preferable data distribution for the training and testing data subsets. A distribution of 70% for training and 30% for testing showed the best results based on the maximum R and minimum AAPE in the preliminary analysis, as shown in Table 3 . Ten input parameters were selected to train the model: five of these are drilling parameters including weight on bit (WOB), standpipe pressure (SPP), rotation per minute (RPM), flow pump (gpm), torque, and five are mud properties including mud weight (MW), funnel and plastic viscosities (FV) (PV), solid (%) and yield point (YP). Several artificial neural network (ANN) trials were executed to achieve the optimal selection of the layers, a number of neurons and training, transfer and network functions. A two-layer ANN model was studied for various number of neurons (1 to 20) . Table 4 summarizes the result for the various combination of neurons. The results do not strongly recommend a two-layer model design especially in the presence of enough number of input parameters. Thus, the one-layer model was selected. Different training functions were examined for various number of neurons to study their impacts on ROP. Table 5 presents the results of the best neuron number for each training function. Based on the maximum R and the lowest AAPE, trainbr function with 18 neurons was selected. The same approach was repeated in selecting the transfer function and again based on the maximum R and the lowest AAPE, radbas function was selected as shown in Table 6 . Finally, 13 network functions were studied to select the best predicting function based on the highest correlation coefficient and the lowest prediction error for both training and testing data subset. Based on the results presented in Table 7 newpr function was selected. Thus, the ANN model designed as follows: training function (trainbr), the transfer function (radbas), neural network (newpr) and a single hidden layer of (18) neurons. 
Results and Discussion
When 70% of the data were used for training, if the actual values of rate of penetration are compared with the predicted ones, ANN was found to estimate ROP with R = 0.999 and AAPE = 3.965% as shown in Figure 2a . Comparing the predicted ROP values and the actual values, the training results have a coefficient of determination (R 2 ) of 0.998 as shown in Figure 3a . Likewise, 30% of the data were used for model testing. The artificial neural network (ANN) was able to estimate ROP with R = 0.978 and AAPE = 10.0% as shown in Figure 2b . The predicted values compared to the actual values with the coefficient of determination (R 2 ) of 0.991 as shown in Figure 3b .
New Model Equation
A novel correlation was derived from the ANN model using the biases and weights of neurons-connections among input, hidden and output layers. The new ROP correlation is shown in the following Equation (6):
w 2i e −(w 1i,1 WOB+w 1i,2 SPP+w 1i,3 RPM+ w 1i,4 Q+ w 1i,6 τ+w 1i,5 ρ m +w 1i,7 V F + w 1i,8 Vp+ w 1i,9 Yp+w 1i,10 δ+b 1i ) 2 + b 2 (6) where ROP is the rate of penetration (ft/hr), N is the neuron number, w 2i is the weight connected the hidden with the output layers, w 1i is the weight connected the input with the hidden layers. WOB is weight on bit (klb), SPP is the stand pipe pressure (psi), RPM is rotation per minute (rpm), Q is flow pump rate (gpm), τ is drilling torque (klb f ), ρ m is mud density (PCF), V F is funnel viscosity (cP), V p is plastic viscosity (cp), Y p is yield point lb 100 ft 2 , δ is solid (%), b 1 is the bias in the hidden layer and b 2 is the bias in the output layer. The biases and weights of the ANN ROP model are presented in Table 8 .
A new data set (200 data points) was collected from an upper shale section (1000 ft) in the same well which was never used while building and testing the ANN model. ROP ranged from 3.5 to 16.9 ft/h and the other input parameters were in the same range as the training data for the ROP model.
It is clear from Figure 4a that the developed correlation for ROP prediction, Equation (6) was able to predict the ROP with a high accuracy where the average absolute error was 3.57% and the correlation coefficient was 99%. Figure 4b shows that the coefficient of determination was 0.988 for the new set of data using the developed ROP empirical correlation. 
Comparison with Empirical Models
For further verification of the new model equation, we compared it with three empirical ROP models such as Maurer, Bingham and Bourgoyne & Young's. By applying ANN on the whole dataset, (R = 0.996), (APPE = 5.776%) and (R 2 = 0.991) were achieved as shown in Figures 5a and 6a . Bingham model is an empirical model with two constants, drillability (k) and bit weight (a 5 ). Therefore, we performed a regression analysis to compute k and a 5 . Based on the regression analysis of the study dataset k was 0.0437 and (a 5 ) was 0.0001. Using the Bingham model to predict ROP resulted in a low R of (0.137) and a high AAPE of 25.56% between the predicted and the actual ROP values as shown in Figure 5b . Likewise, the coefficient of determination (R 2 ) was very low (0.0183) as shown in Figure 6b .
Similarly, we performed a regression analysis to calculate the constant (k) for the Maurer model (k = 4,695,629.65). Maurer model predicted ROP with relatively low R (0.631) and high AAPE (23.14%) as shown in Figure 5c . The coefficient of determination (R 2 ) between predicted and actual ROP values was 0.3998 as shown in Figure 6c . The multi-regression analysis was performed to calculate all (a) constants for Bourgoyne and Young's empirical model. The (a) constants were found to be as follow: Figure 5d . The model values of rate of penetration and the actual value have a coefficient of determination (R 2 ) equal to 0.0692 as shown in Figure 6d .
Results of comparing the new model equation and the three empirical published models are summarized in Table 9 . The statistics show that the new ANN-based model equation outperformed the above previous empirical equations as indicated by the high correlation coefficient, low AAPE, and high R 2 compared to those of the published model. 
Conclusions
Rate of penetration was predicted by the artificial neural network (ANN) using real filed data set in the deep shale formation. The following points can be concluded from the obtained results:
Real drilling surface parameters and drilling fluid properties are very significant and should be considered in the estimation of penetration rate for shale formation. ANN penetration rate model was based on five real drilling surface parameters (WOB, RPM, ROP, T, and Q) and five drilling fluid properties (MW, PV, FV, YP, and Solid %). ANN-ROP model is able to estimate the rate of penetration with a high accuracy (R = 0.996, AAPE = 5.77% and R 2 = 0.99). ROP penetration rate model outperformed the common penetration rate models by its simple prediction of ROP. It is able to estimate the ROP in a short time with high accuracy compared to Bingham, Maurer and Bourgoyne & Young's model models which require a lot of calculations and produced lower accuracy.
The applicability of the proposed ANN model depends on the range of the data. For any data, that has the same range of the input data in Table 1 or close to this range, can be implemented in the developed model to predict the ROP with reasonable accuracy. Formation properties are also major parameters that need to be considered to predict the ROP. However, the effects of formation properties were included indirectly by incorporating the ROP with the other real drilling surface parameters such as torque. 
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Appendix A
Statistical quality analysis approaches are implemented to evaluate the prediction accuracy of the newly developed ANN tool by taking the predicted results from the AI method along the actual value. Two statistical quality analysis are applied, the first one is for testing the goodness fit and the second is for measurement of the error. Correlation Coefficient (R) is used to evaluate the goodness fit and Average Absolute Percentage Error (AAPE) is used to measure the error.
The correlation coefficient (R) measures how the relationship between the inputs and outputs is strong. It is represented by R or CC and always has a value between −1 and 1, if the value is close to 1 means there is a strong direct relationship if the value is close to 0 shows no relationship, if it is close to −1 means there is a strong inverse relationship. The square of the correlation coefficient is the coefficient of determination R 2 . A cross plot with R 2 is used in this study to evaluate goodness of fit tests. The correlation coefficient is calculated using the following equation: R = k ROP a ROP p − ( ROP a ) − ROP p k ROP a 2 − ( ROP a ) 2 k ROP p 2 − ROP p 2 Average Absolute Percentage Error (AAPE) measures the error. It is represented by AAPE and can be calculated by using the following equation:
where k is the number of the data set, ROP a is the actual rate of penetration and ROP p is the predicted rate of penetration.
